Effective monitoring of water quality is critical for water safety. In particular, online monitoring based on modeling is useful in several applications such as process assessment, hazardous event detection or common fault diagnostics in the water processes. Soft sensors have lately established themselves as a good alternative for different tasks of process control such as the acquisition of critical process variables and process monitoring. In this paper, we introduce a dynamic method for predicting turbidity in drinking water. The goals of the work were to construct a dynamic real-time data-driven model to predict the turbidity in treated water and to find the most significant variables affecting turbidity. Both linear and non-linear regression methods are used in modeling. Our results show that the static linear or non-linear model (r ¼ 0.40 and r ¼ 0.52, respectively) is not able to follow the changes in turbidity, whereas the dynamic method can produce a reasonable estimate for turbidity (r ¼ 0.75 for the dynamic linear and r ¼ 0.86 for the dynamic non-linear model). In conclusion, the data analysis procedure seems to provide an efficient means of modeling the water treatment process online and of defining the most affecting variables.
INTRODUCTION
Water quality is becoming an ever more important issue, as water of low quality causes many significant problems. In particular, a wide range of microbial and chemical constituents of drinking water can cause detrimental health effects, either in acute or chronic form (WHO ). On the other hand, water of bad quality can also be harmful from an economical perspective, as resources have to be directed to clear up the water supply system every time a problem occurs.
For these reasons, there is a growing pressure to improve water treatment and water quality management by online monitoring to ensure safe drinking water at a reasonable cost. In water treatment, as in many domains, process monitoring and control relies heavily on accurate and reliable sensor information. Whereas many process parameters can be measured continuously using relatively simple and cheap physical sensors, the determination of certain quantities of interest requires costly laboratory analyses which cannot be performed online (Valentin & Denoeux ) .
Turbidity is a common water quality parameter, the purpose of which is to measure impurities in water. In a physical sense, turbidity is the reduction of clarity in water due to the presence of suspended or colloidal particles and is commonly used as an indicator for the general condition of drinking water (WHO ). Furthermore, turbidity has been used for many decades as an indicator of the efficiency of drinking water coagulation and filtration processes. For this reason, turbidity is an important operational parameter.
The real-time monitoring network for water quality has been operational for the protection of water resources and detection of water quality. It is useful for management plans of water utility and local authorities to realize the changing characteristics of water quality. Real-time monitoring, characterized by a rapid response time, full compatibility with automation, sufficient sensitivity, high rate of sampling and minimal requirements for skill and training (Mays ) , can provide data for multiple purposes such as environmental hazard assessment, water resources management and water hazard warning.
These challenges have created a need for new methods such as soft sensors, which could be used to support or compensate the direct measurements of water treatment, for example. A soft sensor consists of a combination of measurement signals and a model that can be used to form an estimate that matches a direct measurement. Soft sensors can therefore provide a tool for supporting or replacing the potentially difficult and expensive measurements. Soft • a low-cost alternative to expensive hardware sensors; • can operate in parallel with hardware sensors, offering a back-up or decision support system (fault detection and diagnostics);
• can be implemented on existing hardware (e.g. to control the disinfection doses); and
• allow online estimation of data (e.g. to estimate risks of water safety, or acquisition of critical process variables).
In soft sensor development we are confronting the same challenges as in the modeling of water treatment processes, however. Water treatment processes are considered physically and chemically heterogeneous, as many features of raw water and water processes affect its performance (van Moreover, in water treatment there are observable cycles present which cause the process to behave dynamically. The variation in water consumption is one of these, causing changes not only within a day but also within a week and even within a year. Annual cycles can be distinguished even more clearly if surface water is treated, because the water temperature is observed to have some effects on the process (Bratby ; Juntunen et al. a) . In addition to cyclic behavior, episodic events such as rapid, previously unseen changes of lime feed or pH may cause sudden changes in turbidity ( Juntunen et al. b) . Moreover, the phenomena existing in the process are state dependent, meaning that they work differently under different process conditions ( Juntunen et al. ). For these reasons, process dynamics is a typical problem in data-based systems, and successful modeling often requires an ability to adapt to changing conditions. Particularly in water treatment, the behavior of the process can depend heavily on the state of the process, for which adaptivity is generally required from applications. An important aspect to bear in mind is that, regardless of the technique applied, the performance of a data-driven method depends on the quality of the data used. A model based on insufficient data or data of bad quality is not necessarily able to predict the output reliably and precisely.
Since neural networks are empirical models, problems can also occur if the data samples do not reflect the entire range of practicable machine operation or do not even include the optimal process settings. In other words, if the advantages of a data-driven method are to be fully exploited, careful and systematic acquisition of process data must be implemented first.
In this paper, we present a novel approach for predicting turbidity of treated water. The approach is based on a dynamic soft sensor, which utilizes multivariate regression in computation. Because process data typically consist of a large number of variables, a group of them is selected adaptively before a dynamic predictive model is created; this is then used in estimating the degree of turbidity in the future. The results of the dynamic model are compared with the traditional (static) multiple linear regression (MLR) and multi-layer perceptron (MLP) models.
MATERIALS AND METHODS

Static versus dynamic models
In a static data-driven model, the whole dataset (except the validation dataset) is used in training the model; in a dynamic model, only the latest part of the dataset is utilized by moving the window forward after each modeling round. In ideal conditions, static models may be adequate for modeling an industrial process. Process dynamics is a typical problem in data-based systems however, and it has been shown that, in some applications, adaptive models perform better (Sbarbaro 
MLR
In MLR (Cohen ), the purpose is to model the relationship between two or more explanatory variables and a response variable by fitting a linear equation to observed data samples. In principle, the MLR model with observations and variables is:
where Y is the value of the response variable; X is the value of the predictor (explanatory) variable; a 0,…,n is the unknown coefficient to be estimated; and e signifies the uncontrolled factors and experimental errors of the model.
The fitting works by minimizing the sum of the squares of the vertical deviations from each data point to the line that fits best for the observed data, which is also called least-squares fitting. 
MLP
Variable selection
The In practice, the aim is to select a subset p from the set of P variables without appreciably degrading the performance of the model and possibly improving it. Although exhaustive subset selection methods involve the evaluation of a very large number of subsets, the number to be evaluated can be reduced significantly by using suboptimal search procedures (Whitney ). One of these is the sequential forward selection method, which was used for the selection of variables in this case.
In the sequential forward selection method, the variables are included in progressively larger subsets so that the prediction performance of the model is maximized. To select p variables from the set P:
1. search for the variable that gives the best value for the selected criterion;
2. search for the variable that gives the best value with the variable(s) selected in stage 1;
3. repeat stage 2 until p variables have been selected.
Dynamic soft sensor
We have developed a dynamic approach to predict the tur- 
RESULTS
Case study: Itkonniemi water treatment plant
Itkonniemi plant is one of the water treatment plants of Kuopio Waterworks (see Figure 2 ). In the plant water is first bank filtrated. After filtration, water is purified with physical and chemical oxidization processes followed by chemical coagulation in a chemical purification process.
After coagulation, the coagulated floc is separated by sedimentation or flotation followed by sand filtration. In the final stage, water is disinfected by chlorination. The separation process is divided in three parallel working sections (lines 500, 600 and 700). The purification process can also use water from Lake Kallavesi as a raw water source, which has a large effect on the process. Waters produced in Itkonniemi and another plant (Jänneniemi) are mixed in Itkonniemi waterworks and are disinfected by chlorination.
The data include process and laboratory measurements from a period of 1,017 days with a resolution of 1 hour.
The total number of variables is 64 (see Table 1 ). Figure 2 | Flow chart of the drinking water purification process in Itkonniemi. The numbers refer to the measuring points for the variables (see Table 1 ). 
Twenty
Applications
At the first stage, the turbidity of treated water was modeled using the measurement data and the static linear and non-linear methods. At the second stage, the turbidity was modeled using the dynamic linear and non-linear methods.
The five input variables were selected for the models by the forward selection procedure.
The main results (correlations and root mean square errors) are shown in Table 2 . Using the dynamic linear models, the average correlation between the observed values A sample of the measured values and those estimated by different methods are shown in Figure 3 . In the modeling and variable selection phase, the process data were used for producing dynamic predictive models for turbidity. The variables selected for the static model and those selected most frequently for the dynamic models are shown in Table 3 .
In Figures 4 and 5 , the features of the dynamic models are further described on a weekly basis. In these figures, the occurrences of the most frequently selected variables and the correlation between the model and the measured turbidity are shown. The value of correlation is the overall correlation between the measured and estimated values of turbidity. In other words, the value of the variable is 1 if it has been selected to the respective model and 0 if it has not been selected.
Furthermore, the weekly average value of turbidity is shown.
DISCUSSION
In this study we have constructed soft sensors for predicting the turbidity of treated water. The sensors have static/dynamic and linear/non-linear features combined with variable selection.
Our results show that the static models are not able to follow the changes in turbidity (r ¼ 0.4 and r ¼ 0.5 for the linear and non-linear models, respectively), whereas the adaptive model can produce a reasonable estimate for it (r ¼ 0.75 and r ¼ 0.86 for the linear and non-linear models, respectively).
This dynamic behavior is probably due to the cyclic and/or state-specific behavior of the process, which can also be seen in several process variables.
The accuracies of both dynamic models are acceptable.
The prediction accuracy for the baseline of turbidity is especially good, although the reasons for the sharp concentration peaks cannot be found. However, turbidity is sensitive to disturbances such as air bubbles and solid particles, the presence of which cannot be estimated. The most important variables were the same using both methods, indicating good reliability of the results. There seem to be some periods in which the models do not work so well however, which reduces the overall goodness of the estimate produced by the dynamic models. In these periods, the correlation between the measured and the estimated values can be as low as 0.4; the correlation is generally 0.7-0.9. One possible reason for this phenomenon is the limited accuracy of the turbidity meter when turbidity is <0.1 NTU. The precise information on the high values is more valuable however, because they indicate the quality issues in the process. In conclusion, this study indicates that the models produced for processes which have cyclic and/or episodic behavior should have dynamic elements in the models.
The results show that the non-linear models yield better results than the linear models, which is an expected result because some phenomena of the water treatment processes usually have non-linear elements (Maier et al. ) . For this reason, experiments with non-linear regression methods are likely to increase the performance of the dynamic models.
However, as a faster and more robust method, a linear model can for example be used for data pre-handling purposes.
The soft sensor approach has two clear benefits: first, the selected variables inform the process personnel of the most affecting variables in the very moment, which can help to increase the knowledge of the process and the problems, for example. This knowledge can be exploited in offline (decision making, optimization) or online (quality monitoring, operating the process, adjusting the disinfection level, etc.) processes.
Secondly, the soft sensor can predict the future turbidity of the process which can be used in decision making for operating the process. For example, in Figure 4 we can see a 3-week episode around week 30 with an exceptionally high level of turbidity. In the same period we can see that 'pH after lime feed' variable has a strong tendency to be selected. Further analysis showed that the pH level was exceptionally high during that period, which implicates an un-optimal pH control during that time.
These kinds of features provide several potential applications concerning process diagnostics, online water quality monitoring and optimizing the operation of the process. Furthermore, the soft sensor could be used as a tool for online water quality monitoring. The benefits of the applications would be, for example, to obtain improved knowledge of short-term changes online, feed-forward control the post-processes of water treatment such as disinfection or optimize the sampling of water.
Because the turbidity of the treated water indicates the general quality of the water, soft sensors can give valuable information of the water quality in the near future. This is important knowledge when we are constructing a real-time water-quality monitoring system at a water treatment plant.
It is possible to estimate the current (or the near future) quality of water, risk level of the process or water safety in a general level, saving time for pro-active operations or for additional sampling, for example. Furthermore, as process diagnostic tools, the soft sensors can support the existing measurements.
The output of the soft sensors could be compared with the direct measurements, which could indicate potential faults in the sensors or abnormal situations in the process.
One of the potential functions of the soft sensors is to replace a real sensor with a soft sensor. For our dynamic approach, this kind of application is challenging because the method needs calibration to some extent (either sample-based calibration or sensor-based calibration periods These are interesting issues for further research.
An important aspect to bear in mind is that, regardless of the technique applied, the performance of a data-driven method depends on the quality of the data used. A model based on insufficient or poor-quality data is not necessarily able to predict the output reliably and precisely. Since neural networks are empirical models, problems can also occur if the data samples do not reflect the entire range of practicable machine operation or do not even include the optimal process settings. In other words, if the advantages of a data-driven method are desired to be fully exploited, careful and systematic acquisition of process data must be implemented first.
In summary, the results presented in this paper show that the developed adaptive soft sensor is an efficient way of monitoring the performance of a water treatment process online and provides a useful tool for process diagnostics. It is also possible to utilize the soft sensor as an indicator for diagnosing the process more thoroughly in problematic situations, in the form of an early warning system for example.
In addition, the approach can provide more in-depth knowledge for the process experts, who can use it for diagnosing the process and making decisions concerning the dosing of chemicals for instance.
CONCLUSIONS
Due to the complex and dynamic character of water treatment processes, it may be difficult to create static models for water quality applications. In this paper, we have presented a novel dynamic computational approach for predicting the turbidity of treated water. Using a case study, we have demonstrated that dynamic models seem to provide a good platform for data-driven soft sensors in the water treatment process.
As our experiments suggest, the turbidity of treated water can be estimated using the dynamic soft sensors presented, shown by the goodness of the estimate (r ¼ 0.75 for linear and r ¼ 0.86 for non-linear dynamic model). Since turbidity is one of the key variables for monitoring water quality, the estimated turbidity can provide an indirect means of estimating water quality in water treatment.
Especially high turbidity values can be estimated well, which is useful when considering an early warning system for increasing turbidity, for example. The non-linear model (r ¼ 0.86) yields a more accurate estimate for turbidity than the linear model (r ¼ 0.75), which suggests that the process involves non-linear elements. The dynamic model yields a more accurate estimate for turbidity than the static model, which can be seen in both linear and non-linear models.
In summary, the soft sensor could provide a basis for numerous applications such as online water quality monitoring, predictive modeling of turbidity/water quality, process diagnostics and acquisition of expert knowledge, early warning systems (e.g. indicator for possible problems in treatment) and fault detection.
